The area under ROC curve (AUC) is frequently used as a measure for the effectiveness of diagnostic processes. The aim of this paper is to explore and evaluate several nonparametric test methods of comparing the effectiveness and performance of two competing diagnostic processes producing quantitative ratings. These nonparametric methods make use of ROC curves when comparing the diagnostics processes. An extensive simulation study is performed to investigate the operating characteristics of the test methods in a wide range of settings.
I. Introduction
A great use of diagnostic processes is made in medical studies based on clinical observations or laboratory methods to specify which individuals are classified as nondiseased or as diseased. Diagnostic processes provide important medical decision making with improved technology to detect disease. During the decades, receiver operating characteristic curve (ROC) analysis has been used as a popular method of evaluating the performance or discriminatory power of diagnostic processes. The ROC curve is a plot of the diagnostic process's sensitivity versus 1-specificity at various observed value of the process. It has been used in many areas such as radiology 1 , psychiatry 2 , epidemiology 3 , biomedical informatics 4 , non-destructive testing 5 and manufacturing inspection systems 6 .
For statistical analysis, a recommended index of accuracy associated with an ROC curve is the area under the curve 7 . The area under the ROC curve (AUC) is interpreted as the probability that the observed value of the diagnostic process will be greater for a randomly selected diseased individual than for a randomly selected nondiseased individual assuming that the higher values of a diagnostic process are associated with diseased individuals, while lower values are associated with nondiseased 8 . Thus, AUC lies between 0 and 1 and the greater the AUC, the better the discriminatory power of the diagnostic process 9 .
For comparing two diagnostic processes, the difference between AUCs is often used. In the field of diagnostic imaging it is widely recognized that the variability due to subjects represents a substantial component of the overall variability of the AUC. To better control for the sources of variability when comparing diagnostic processes, a paired study design is often implemented. This type of design usually induces positive correlation between the ratings of the same subjects.
Various parametric and nonparametric methods have been suggested to compare the accuracy of two diagnostic processes within a paired design setting. DeLong et. al 8 developed a conventional fully nonparametric approach leading to an asymptotically normal test statistic. Venkatraman and Begg 10 prescribed a permutation test for testing equality of two ROC curves at every operating point. Bandos et. al 11 described an exact nonparametric method to test equality of two correlated ROC curves. Their method modifies the permutation test for comparing correlated ROC curves by Venkatraman and Begg 10 by using an AUC difference index rather than an index of equality of ROC curves at each operating point. 
where L is a row vector of coefficients,
has a standard normal distribution. Squaring this, the test statistic then takes the form,
which has a chi-square distribution with degrees of freedom equal to the rank of L LS  .
Bandos et. al's Area Test
Bandos et. al 11 derived exact and asymptotic permutation test methods to test the equality of two correlated ROC curves which are designed to have increased power to detect 
Venkatraman and Begg's Permutation Test
A general problem is that although the two diagnostic processes may have different ROC curves, they may have same area. But one diagnostic process may genuinely be superior to the other despite having the same area. In order to detect the differences between two ROC curves Venkatraman and Begg 10 developed a simple permutation test. The test proposed by Venkatraman and Begg 10 is thus for the equality of the underlying ROC curves and is executed by permuting the labels of the two diagnostic processes within each diseased and nondiseased subject. Such an approach implicitly assumes that both diagnostic processes are exchangeable within subject and requires an appropriate transformation, such as ranks, for diagnostic processes differing in scale. Let , the entire data set can be denoted T is not considered to be an appropriate assumption, then it is necessary to rely on the ranked samples to evaluate the pvalue. In this case each permuted set of ranks is generated by randomly exchanging pairs of ranks and reranking them.
That is, the set of ranks   * * , k k S R will be first generated by using
This process will invariably introduce numerous ties, so it is necessary to have a second randomization step to break the ties, that is, to generate  
where   . J represents the process by which tied ranks are re-ranked by randomization.
IV. Simulation Study
An extensive simulation study has been performed to compare empirical test sizes (Type I errors) and power of the nonparametric test for different underlying AUC differences, correlation between diagnostic processes and different sample sizes. Four different practically possible scenarios as presented in Figure 1 are covered in this simulation study. For data generation purpose, we have assumed two continuous measurements for each Table 1 presents the empirical test sizes obtained for the discussed nonparametric test methods when testing for equality in performance of two diagnostic process having non-crossing ROC curves and same areas. An example of such configuration is shown in Figure 1(a) . The bold entries in Table 1 11 . This is especially evident with smaller sample sizes.
Along with the empirical nominal sizes we also have considered the statistical power of the test methodologies to assess their performance. The power of a statistical hypothesis test procedure is defined as 1 -Type II error that is, the rate of rejecting the null hypothesis when it was false. Table 2 depicts the calculated empirical power of the nonparametric test methods when testing equality of performance of two diagnostic processes having noncrossing ROC curves and different area values. As portrayed in Figure 1(b) , in this case, one diagnostic process is uniformly superior in performance than the other. The results calculated for a number of set up in Table 2 make it clear that the test suggested by DeLong et. al 8 exhibits better power than the other two. The power of the tests increases with increasing correlation and sample size. Though the test by Venkatraman and Begg 10 gives lowest power in almost all set up, it's power is very closed to test by Bandos et. al 11 . For large sample sizes and higher areas differences, the empirical power for each of all three nonparametric tests tends to others. Table 3 and Table 4 demonstrate the empirical statistical power of the test methods for testing null hypothesis of equal performance of two diagnostic processes having crossing ROC curves. Particularly, in Table 3 , we assumed that the two processes have same overall area under curve but they have different ROC curves and consequently different in their performance. As described in Figure 1 (c), this is a case where each of diagnostic processes has partially better performance than the other but none performs uniformly better. The configurations considered in Table 3 show very interesting results. From these results, it is apparent that both the test methods by DeLong et. al 8 and Bandos et. al 11 ignore the difference in the ROC curves (the crossing nature) when testing for equality in performance of two diagnostic processes. As a result, these two test methods show very little power in all the set up. A reverse result is observed for Vekatraman and Begg 10 test method. Despite of same area values, it takes the difference in ROC curves and exhibits far better power than other two test methods in all set up. Table 4 compares two diagnostic processes those are different in areas as well as in ROC curves. Figure 1(d) elucidates this configuration. As seen in Table 3 , the test by Venkatraman and Begg 10 performs better again in this configuration. The same argument makes the difference here too. The virtue of tracking difference in the ROC curves along with the difference in areas keeps the Venkatraman and Begg 10 method ahead.
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VI. Conclusion
Comparing classification and discriminatory performance of two diagnostic processes is of great interest in many practical research fields including medical science, signal processing, engineering, bioinformatics etc. There are a number of methodologies devised for this purpose. Little knowledge regarding operating conditions of these methods often confuses the researchers to select appropriate method in their respective applications. 11 test, are discussed and the operating characteristics of these methods are explored and compared through extensive simulation. The simulation study depicts that when the two diagnostic processes only differ in areas and have non-crossing ROC curves, the DeLong's test 8 method exhibits better operating characteristics though it provides little conservative measures of Type I error. The method by Bandos et. al 8 can be considered as a very close alternative in such configurations. On the other hand, if the two diagnostic processes have crossing ROC curves with same or different areas, the Venkatraman and Begg's method 10 can be employed without a second thought. DeLong's 8 and Bandos's 11 test methods expose very weak operating characteristics in these scenarios. It is expected that, the findings of this study will be of help for researchers to avoid confusion and to select between the competing test methods more confidently.
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